We describe a new method for the automatic segmentation of multiple organs of the ventral cavity in CT scans. The method is based on a set of rules that determine the order in which the organs are isolated and segmented, from the simplest one to the most difficult one. First, the body is isolated from the background. Second, the trachea and the left and right lungs are segmented based on their air content. Third, the spleen and the kidneys -the organs with high blood content -are segmented. Finally, the kidney is segmented based on the surrounding organs segmentation. Each organ is individually segmented with a four-step procedure that consists of: 1) definition of an inclusive region of interest; 2) identification of the largest axial cross-section slice; 3) removal of background structures by morphological operations, and; 4) 3D region growing segmentation. Our method is unique in that it uses the same generic segmentation approach for all organs and in that it relies on the segmentation difficulty of organs to guide the segmentation process. Experimental results on 15 CT scans of the VISCERAL Anatomy2 Challenge training datasets yield a Dice volume overlap similarity score of 79.1 for the trachea, 97.4 and 97.6 for the left and right lungs, 89.2 for the spleen, and 92.8 for the left kidney. For the 5 CT scans test datasets, the Dice scores are 97.9, 97.0, 85.6, 93.4 and 90.2, respectively. Our method achieved an overall DICE score of 92.8 and was ranked first among the five methods that participated in the challenge.
Introduction
The increasing amount of medical imaging data acquired in clinical practice constitutes a vast database of untapped diagnostically relevant information. Today, only a small fraction of this information is used during clinical routine or research due to the complexity, richness, high dimensionality, and data size [1] .
Content-based image retrieval (CBIR) techniques have been proposed to access this information and to identify similar cases to assist radiologists in the clinical decision support process [2] . The segmentation of individual ventral cavity organs in CT scans is expected to improve the diagnostic accuracy and performance of CBIR systems. While the manual delineation of these organs is considered the gold standard, this is a tedious and very time-consuming process which is impractical for all but a few dozen datasets for research. Consequently, a plethora of methods for automatic segmentation of ventral body cavity organs in CT scans have been proposed. Liver segmentation methods are thoroughly summarized and reviewed by Mharib et al. [4] . Lungs segmentation from CT scans has been addressed by Sluimer et al. [5] . Kidney segmentation methods are described in Freiman et al [6] . While very different from each other, all these methods target a single organ and do not use information about other organs' segmentations. Thus, multi-organ segmentation requires a specific method for each organ, which yields variable quality results and quickly becomes unmanagable as the number of organs to be segmented grows. It is thus desirable to develop a single, generic approach that can be customized for each organ and that uses the information about other organs' segmentations.
The rule-based approach to medical image segmentation calls for using each organ anatomical context and prior knowledge about its location and its extension for enhancing, improving, and automating the segmentation process. In this pipeline-oriented approach, the organs of interest are successively extracted from the CT scan. Previous research has focused mainly on liver segmentation [3] . In this paper, we extend and generalize the rule-based approach to the automatic segmentation of multiple ventral cavity organs in CT scans.
Method
The basic premise of the rule-based paradigm is to sequentially extract different organs based on prior information on the organs of interest and their characteristics in the CT scan. Simple and context-free organs are segmented first, followed by more complex and context-based identfication and delineation. Our proposed approach extends the established rule-based approach by providing a unified, generic four-step approach that is customized for each organ and incorporates information about other organs prior segmentations.
Generic organ segmentation framework
In our generic framework, the segmentation of each organ is performed in four successive steps ( Fig. 1 ):
1. Definition of the organ's Binary Inclusive Region Of Interest (BI-ROI) based on the target organ intensity values.
Identification of the organ's Largest Axial Cross Section Slice (LACSS)
. This is the CT scan slice where the organ has the largest axial area.
3. Removal of remaining background structures from the LACSS by morphological operations.
4. Organ segmentation by 3D region growing starting from the LACSS inside the BI-ROI. Figure 1 : The four steps of the generic organ segmentation framework exemplified on the spleen.
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We start with a preprocessing step that isolates the patient body from the background (air and scan gantry) based on location and intensity values. The generic four-step framework is then applied to the ventral body cavity organs in the following order. First, the breathing system organs are segmented: the trachea and the left and right lungs. Next, the organs with high blood content are segmented: the spleen, the liver, and the left and right kidneys. This organ segmentation order prevents ambiguous assignment of the same image region to multiple organs, as previously segmented image regions are excluded from the segmentation process. Due to space limitations, we illustrate below each step for the breathing system only.
2.2
Breathing system segmentation
The breathing system consists of the trachea and the left and right lung.
Step 1: Definition of the BI-ROI: Binary Inclusive Region of Interest
We perform a simple thresholding with the Houndsfiel Unit (HU) of air and fat (< -500HU). This results in a binary map consisting of air, fat, and other background structures. Then, the trachea and the lungs are separated from the from the undesired surrounding fat by finding the the largest connected component. The resulting structure includes the breathing system defines the trachea and lungs BI-ROI (Fig. 2a) . This BI-ROI is further refined for the trachea and the left and right lungs.
Step 2: Identification of the LACSS: Largest Axial Cross Section Slice
The Largest Axial Cross Section Slice (LACSS) of the trachea and the lungs are identified by finding the CT slices in the BI-ROI with the narrowest and widest perimeters, respectively (Figs. 2b and 2c). Note that the lungs slice contains two connected components, for the left and right lungs.
Step 3: Removal of background structures
No further background removal is required for the trachea and lungs, since the lungs LACSS contains exactly two connected components corresponding to the left and right lungs and the trachea LACSS contains exactly one connected component (Fig. 2 ). Step 4: Segmentation by 3D region growing
Spanier and Joskowicz: Rule-Based Ventral Cavity Segmentation in CT
The trachea and the left and right lungs are segmented by 3D region growing. The process starts at the LACSS and proceeds to adjacent CT slices withing the volume defined by the BI-ROI. First, the distance map between the LACSS contour (Fig 3a) and the adjacent slice (Fig 3b) is computed, with the LACSS contour distance set to 0 (Fig 3c) . Next, the adjacent slice and the distance map are intersected to identify regions of high change (Fig 3d) . In the resulting intersection, we define a series of windows along the contour (Fig 3e) and compute the intensity histogram in each window. Finally, windows whose histograms have a positive kurtosis are considered as segmentation leakage, e.g. windows R 1 and R 2 in Fig 3e. These windows contain undesired structures whose voxels are removed from the organ segmentation. Windows whose histograms have zero or negative kurtosis, e.g. window R 3 in Fig 3e, are considered smooth and are thus segmented as part of the organ of interest. This process is repeated throughout the slices of the image until the number of segmented pixels in the slice is below a predefined threshold.
The idea behind this step is that ventral cavity organs are relatively smooth, so two adjacent slices of the same organ cannot exceed some level of variability. From a geometric point of view, we constrain the expansion of the region growing boundary curve to have variable speed according to the context. Our method takes into account the local geometry of the curvature: when the magnitude of the curvature is above a predefined threshold, we stop its propagation and allow it to continue only in low curvature regions. The rationale is once again that ventral body cavity organs should preserve some level of smoothness constraint. The final result is the 3D segmentation of the organ (Fig 4) .
Experimental Results
We evaluated our method on two sets of scans of the VISCERAL Anatomy2 Challenge. The training and test datasets consist of 15 and 5 CT clinical scans, respectively, acquired in 2004-08. Datasets of patients younger than 18 years were not included following the recommendation of the local ethical committee (S-465/2012, approval date Feb. 21th 2013). The CT scans in-plane resolution is 0.604-0.793/0.604-0.793mm; the in-between plane resolution is >=3mm. A VISCERAL team radiologist manually produced ground-truth segmentations for each scan. Table 1 summarizes the results for each type of dataset and organ: training and test datasets, left lung, right lung, trachea, spleen and left kidney. Note that the DICE similarity coefficients are high or very high, with a relatively small standard deviation. Our method achieved an overall DICE score of 92.8 and was ranked first among the five methods that participated in the challenge. 
